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INTRODUCTION
Most population surveys assert the claim that they are representative of the underlying population universe. While this is, in reality, already a very ambitious goal on its own, panel surveys that follow households, families, and individuals over time have to cope with the problem of adequately covering any changes occurring in the underlying population since the time of the original sampling. For example, immigration may not be represented within an ongoing panel survey if recent immigrants founded new households, which by definition did not have a positive sampling probability in the ongoing sample. Thus, new subsamples that complement a panel might be required. Furthermore, due to panel attrition and the need to control for eventual selectivity within this process, long-running panel surveys especially may require being complemented by additional subsamples that serve two functions: First, such "refreshment" samples help to stabilize the number of observations, and second, they provide a benchmark for the analysis of eventual selectivity due to panel attrition and changes in response behavior.
When analyzing economic well-being or income distribution issues on the basis of such micro-data, any undetected selectivityfor example, given by a "middle-income bias"-creates a bias in the estimates of income inequality measures.
The question to be answered in this article can be presented in the following general way: Given the existence of several independent samples (within one survey), do they represent the same population or universe? A common practice to answer this question is to look at the differences in various parameters among the populations with respect to the variable of interest. For example, one may wish to compare the moments of the distributions (means, variances, Ginis, medians, etc.) . The problem with a methodology such as this one is that there are only a few moments that are usually being compared, and therefore, possible differences in other moments may not be detected. The methodology suggested in this article is based on a decomposition of a measure of total variability to the contributions of subpopulations. Since the interest is in the inequality in economic well-being (as measured, for example, by income), the comparison between the subpopulations is done by decomposing the Gini of income of the overall population into the contributions of the subpopulations to the overall inequality. The advantage of the decomposition is that it reveals a new parameter (called the overlapping index), which shows how intertwined the subpopulations are. Hence, unlike the comparison of moments that rely on each distribution separately, the overlapping index is based on the entwined observations of all the distributions involved.
Intuitively, the methodology presented below can be referred to as ANOGI (analysis of Gini)-the equivalent of analysis of variance (ANOVA), performed with the Gini coefficient. The decomposition we follow is the one presented in Yitzhaki (1994) . We rearrange and reinterpret that decomposition in order to use it in the comparison of the subpopulations from which the different samples were drawn.
In this article, we are mainly interested in the effect (possible bias) of attrition. For each year within a three-year period (2000 to 2002), we have two subsamples. Both of them are subsamples from a chain of panel data, intended to represent the entire population of Germany. The major difference in the subsamples is that the new one was started in the year 2000, while the main part of the old one was started as early as 1984. For the period since the original sampling took place, both panel subsamples carried on using the same set of straightforward follow-up rules. We are interested in seeing whether the subsamples come from the same population (i.e., no effect of long-term attrition) or if attrition causes a bias.
As a central result, our analyses for the first year reveal a significant difference in income stratification and inequality between the subsamples, while in the second and third years, the two subsamples overlap almost perfectly (i.e., the relevant substantive results converge rather quickly). When discussing reasons for the differences in the first year, we find indications that these are not to be attributed to attrition in the "old" sample but rather to changes in the response behavior of the new subsample's members. In fact, there is some evidence that the answers of long-term panel respondents are of better quality than those of first-time respondents. In case of income data, this may reflect an improved record keeping of such households or a better knowledge and recall capacity resulting from the repeated interview experience.
We start the article with a detailed description of the underlying data and with a discussion of problems related to the representation of a population by means of different subsamples (Section 2). In 430 SOCIOLOGICAL METHODS & RESEARCH Section 3, we set up the ANOGI methodology, and Section 4 provides the estimators. In Section 5, we present results of inequality decomposition, and Section 6 concludes.
REPRESENTATION OF A POPULATION BY MEANS OF DIFFERENT SAMPLES

THE GERMAN SOCIO ECONOMIC PANEL STUDY (SOEP)
Established in 1984, the German Socio-Economic Panel Study (SOEP) is one of the main tools for social science and economic research for Germany, as well as for international comparisons (see Wagner, Burkhauser, and Behringer 1993; Haisken-DeNew and Frick 2003) . 1 In principle, the universe of the SOEP sample includes the entire resident population of Germany. As the SOEP started before the reunification of Germany occurred, the first subsamples of the SOEP in 1984 were only conducted in West Germany. We summarize the various subsamples in Table 1 . A detailed description can be found in Appendix A.
In 2000, the starting year of the supplementary innovation Subsample F, all in all, 24,586 adult individuals participated in the SOEP survey, which covered 13,258 households and included 6,659 children younger than 16 years of age.
POTENTIAL ARTIFACTS CAUSED BY DIFFERENT SUBSAMPLES
The realization of different independent samples, which have the aim of representing the same population universe, can cause problems due to different, mostly fieldwork-related, reasons. First, it is possible that they belong to different universes because the sample frames were not by intention but in fact different with respect to specific sampling procedures. Second, initial response rates may differ across the various subsamples. Third, methodological problems occurring during the fieldwork can result in a couple of survey artifacts. All such specific problems could have occurred with the SOEP, especially because in the year 2000, the "old" Subsamples A through E were a. Due to attrition and the follow-up of newly founded households in case of split-offs, the cross-sectional sample size in any year after the starting wave deviates from the initial sample size. 
Different Sampling Procedures
There are two structural problems of sampling households in Germany, as in many other countries: first, the representation of foreigners/immigrants and, second, households living in institutions. In the SOEP, the procedures of handling those subpopulations were changed over time: The sampling procedures of Subsamples A and B as well as F were slightly different for the first waves. Whereas in A and B, Germans and foreigners are surveyed by different methods, allowing for a theoretically proper representation of the five major immigrant groups (represented by Subsample B), this superior procedure was not possible for Subsample F. Subsamples C and D are samples with a special focus on East Germans and recent immigrants, respectively, while E is a small sample that was drawn by basically the same procedure as Subsample F. A more detailed description of these procedures is provided in Appendix B.
Response Rates
Given the massive confrontation with telephone surveys, ad hoc interviews by marketing companies, and so on, it is becoming increasingly problematic to motivate individuals to participate in population surveys. As such, the older subsamples in SOEP clearly show higher initial response rates (e.g., Subsamples A and B with 61 and 68 percent, respectively) than newly introduced subsamples such as Subsample F with only 52 percent (see Table 2 ).
2 This phenomenon also applies to longitudinal response rates over (two or) three waves; it does not matter whether one looks at the subsample-specific first two or three waves or at the exact same time period (i.e., calendar years; e.g., 2000 through 2002).
Surveying Artifacts
While in the year 2000, Subsample F is a "fresh" cross section, Subsamples A to E consist of panel samples of varying durations. Therefore, Subsamples A to E and F could represent different populations, first, if it is not possible to correct for panel attrition and, second, if response behavior changes over time ("panel effects") . SOEP data providers control for Subsamples A to E in an appropriate manner by means of weighting (see Rendtel 1995; Rendtel, Wagner, and Frick 1995) , but over the course of time, other panel effects certainly cannot be ruled out. First, conventional wisdom dictates that respondents can change their true behavior, which in turn produces some sort of bias in the result. A second important effect may be provided by an increasing familiarization of the respondents with the survey instrument, mostly a questionnaire, which minimizes errors in the answers and improves quality of the collected information. As such, due to this "learning effect," panel data yield a more realistic measure than data from 434 SOCIOLOGICAL METHODS & RESEARCH a single cross-sectional sample of the very same population. The second effect especially takes place in the field of income surveying. We know that in the course of time, the share of missing values on income variables (due to item nonresponse) declines and that there is a special reason for different "answering styles."
A third problem can be created by a mix of interview modes, which is necessary, at least in Germany, to ensure that respondents remain willing to participate over the long term. 3 Since the late 1990s, computer-assisted personal interviewing (CAPI) has been introduced gradually by means of a controlled experiment to complement the conventional paper-and-pencil questioning technique. CAPI was used for the first time in Subsample E in 1998, and after a successful testing phase, this survey method was also introduced in the existing SOEP Subsamples A through D in 2000. In Subsample F, this methodology was used from the very first wave, yielding an overall share of CAPI interviews of 28 percent in 2002.
Methodological research focusing on sustainable mode or technology effects 4 caused by the introduction of CAPI shows a mixed picture. While in the case of the British Household Panel Study (BHPS), no significant effects were found (see Laurie 2000) , for the SOEP, Schräpler, Schupp, and Wagner (2005) found some indications that CAPI increases the probability of item nonresponse on income questions but also that it reduces the probability of unit nonresponse in the subsequent wave. Thus, the variation in the use of CAPI across SOEP Subsamples A through D, E, and F yields a potential for survey artifacts.
ANOGI: THE METHODOLOGY
Let y i , F i (y), f i (y), μ i , and p i represent the income, the cumulative distribution, the density function, the expected value, and the share of subpopulation i in the overall population, respectively.
5 Let s i = p i μ i /μ u denote the share of group i in the overall income, where subscript u denotes the union of the populations, Y u , from which all the subsamples are drawn. 6 The overall population is composed of the union of the subpopulations. That is,
That is, the cumulative distribution (or ranks) of the overall population is the weighted average of the cumulative distributions of the subpopulations, weighted by the relative sizes of the populations. 7 The formula of the Gini used in this article is the following (Lerman and Yitzhaki 1984, 1989 8 ) :
which is twice the covariance between income y and the rank F (y), standardized by mean income μ. 9 The Gini of the entire population, G u , can be decomposed as
where O i is the overlapping index of subpopulation i with the entire population (explained below), and G b measures the betweengroup inequality. Equation (3) decomposes the Gini of the union into two related components: intra-and intergroup components, connected in a way that is relatively complicated. Note that while in ANOVA, the total variability is partitioned into inter-and intravariances, in ANOGI, we have inter-and intra-Ginis, but in addition, there is an extra parameter, which is the overlapping index. We will return to this implication following the explanation of the individual components.
THE OVERLAPPING INDEX AND ITS PROPERTIES 10
The index of overlapping is the one that distinguishes the decomposition of the Gini (ANOGI) from the decomposition of the variance (ANOVA) and is the main reason for expressing a preference for the methodology suggested in this article over ANOVA.
Overlapping should be interpreted as the inverse of stratification. Stratification is a concept used by sociologists. We follow Lasswell's 436 SOCIOLOGICAL METHODS & RESEARCH (1965) definition: "In its general meaning, a stratum is a horizontal layer, usually thought of as between, above or below other such layers or strata. Stratification is the process of forming observable layers, or the state of being comprised of layers. Social stratification suggests a model in which the mass of society is constructed of layer upon layer of congealed population qualities" (p. 10).
According to Lasswell (1965) , perfect stratification occurs when the observations of each population (in our case, subsample of the SOEP) are confined to a specific range of income and the ranges of incomes do not overlap. An example of a perfect stratification is the division of the society into deciles. Stratification plays an important role in the theory of relative deprivation (Runciman 1966) , which argues that stratified societies can tolerate greater inequalities than nonstratified ones (Yitzhaki 1982) . In our case, this property plays an important role because it tells us whether the different subsamples represent different strata.
One can rarely find a perfect stratification, and an index describing the degree of stratification is called for. The index of overlapping is actually an index describing the extent to which the different subpopulations are stratified. In this article, the goal is to evaluate the overlapping (i.e., nonstratification) and check whether the several income distributions, based on several independent panel subsamples, represent the same universe. 11 Formally, overlapping of the overall population by subpopulation i is defined as
where, for convenience, the index u is omitted and cov i means that the covariance is according to distribution i, that is,
where F ui is the expected rank of population i in the union (all observations of population i are assigned their union's ranks F u (y), and F ui represents their expected value). 12,13 The overlapping (4) can be further decomposed to identify the overlapping of subpopulation i with all subpopulations that comprise the union. In other words, total overlapping of subpopulation i, O i , is composed of overlapping of i with all subpopulations, including group i itself. This further decomposition of O i is
where
is the overlapping of group j by group i. The properties of the overlapping index O ji are the following:
The index is equal to zero if no member of the j distribution lies in the range of distribution i (i.e., group i is a perfect stratum). (b) O ji is an increasing function of the fraction of population j that is located in the range of population i. (c) For a given fraction of distribution j that is in the range of distribution i, the closer the observations belonging to j to the expected value of distribution i, the higher O ji . (d) If the distribution of group j is identical to the distribution of group i, then O ji = 1. Note that by definition, O ii = 1. This result explains the second equality in (6). Using (6), it is easy to see that O i ≥ p i is a result to be borne in mind when comparing different overlapping indices of groups with different sizes. (e) O ji ≤ 2. That is, O ji is bounded from above by 2. This maximum value will be reached if all observations belonging to distribution j that are located in the range of i are concentrated at the mean of distribution i. Note, however, that if distribution i is given, then it may be that the upper limit is lower than 2 (see Schechtman 2005) . That is, if we confine distribution i to be of a specific type, such as normal, then it may be that the upper bound will be lower than 2, depending on the assumption on the distribution. (f) In general, the higher the overlapping index O ji , the lower O ij will be. That is, the more group j is included in the range of distribution i, the less distribution i is expected to be included in the range of j .
Properties (a) to (f) show that O ji is an index that measures the extent to which population j is included in the range of population i. Note that the indices O ji and O ij are not interrelated by a simple relationship. It is clear that the indices of overlapping are not independent.
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BETWEEN-GROUP COMPONENT G b AND ITS PROPERTIES
As will be seen later, we are interested in two alternative parameters representing between-groups Gini. We start with the one appearing in equation (3) . The between-groups inequality G b is defined in Yitzhaki and Lerman (1991) as
G b is twice the covariance between the mean incomes of subpopulations and the subpopulations' mean ranks in the overall population, divided by overall expected income. That is, each subpopulation is represented by its mean income and by the mean rank of its members in the overall distribution. The term G b equals zero if either the mean incomes or the mean ranks are equal for all subpopulations.
In extreme cases, G b can be negative, which occurs when the mean income is negatively correlated with mean rank. One may argue that G b is not really a Gini coefficient because it can be negative. An alternative between-groups Gini (G bp ) was defined by Pyatt (1976) ; Mookherjee and Shorrocks (1982) , Shorrocks (1984) , and Silber (1989) also follow Pyatt. In this definition, the betweengroups Gini is based on the covariance between mean income in each subpopulation and its rank among the mean incomes of subpopulations. The difference between the two definitions is in the rank that is used to represent the group: Under Pyatt's approach, it is the rank of the mean income of the subpopulation, while according to Yitzhaki and Lerman (1991) , it is the mean rank of all members. Generally, it can be shown that
The upper limit is reached and (8) holds as an equality if the ranges of incomes that groups occupy do not overlap (i.e., perfect stratification).
Having explained the different components, we now present a variation of decomposition (3) that will be used in this article as 
For the benefit of readers who are interested in a quick comparison with ANOVA, a summary table of ANOGI is shown in Table 3 .
The four components can be divided into two types: those that carry equivalent information to ANOVA (when using Gini instead of the variance as a measure of variability) and those with additional information.
SUMMARY OF THE DECOMPOSITION COMPONENTS
Components That Are Parallel to ANOVA
For a given overall inequality, G u : Intragroup component (IG) . A weighted average of groups' Ginis. It reaches the lower limit if all intragroup Ginis are equal to zero. It reaches the upper limit if all groups are identical (identical to mean square error [MSE] in ANOVA).
Between-groups component, based on Pyatt (BG P ). It measures between-groups inequality, assuming a complete stratification. It reaches the lower limit, zero, if the means of all groups are equal (identical to mean square between [MSB] in ANOVA). It reaches the upper limit if all groups are concentrated at their means.
Additional Components
The effect of overlapping on intragroup component (IGO). This term "revises" the contribution of each subpopulation to intragroup variability, provided that inequality in the group is greater than zero. If the subpopulation and the overall population are equally distributed, then there is no revision to its contribution (O i = 1). However, if a subpopulation forms a stratum in the population (O i < 1), then its contribution to the intragroup component is reduced, while its contribution to between-groups is increased. On the other hand, if the scatter of the ranks of group members is larger than that of the population (O i > 1), the contribution of the group to the intragroup is increased, while its contribution to between-groups is decreased.
The effect of overlapping on the between-groups component (BGO). The effect of overlapping on the between-groups component occurs only if the expected values of the subpopulations are not all equal. It is always nonpositive because overlapping reduces the ability to distinguish between the groups. It reaches the upper limit (zero) if the ranges occupied by the different groups do not overlap. Note, however, that the combined effect of the between-group inequality and the impact of overlapping on it can be negative if the means of the groups are negatively correlated with the means of the ranks. This possibility occurs if, for example, the population is composed of two groups, with one group composed of a majority of poor people and a few very rich people, while the second group is composed of the middle class. In this case, the expected income of the first group is high (because of the few rich), while its expected rank is low (because of the majority of poor people), making the correlation negative.
In the empirical application, we seek to find out whether all the intragroup Ginis are equal and whether the second, third, and fourth terms all converge to zero. We can interpret the convergence to zero as follows. Clearly, we are using terms that are connected. However, each parameter adds insight, and there is no redundancy or double counting because the sum of all of them adds up to the overall Gini, and one can produce examples where one term is equal to zero and the others are not. The advantage of ANOGI over ANOVA is that the decomposition of Gini adds a new parameter to the existing inter-and intratermsnamely, the overlapping index. Hence, not only are the equivalents of the first and second moments examined, but the extent of population intertwining is also considered.
ESTIMATION AND TESTING
The decomposition (9) involves four parameters, that need to be estimated from the data:
The estimation technique used here is based on U-statistics. For each parameter, a kernel of the proper degree is found, and then a U-statistic is constructed. The advantage of dealing with U-statistics is that they are unbiased estimators, and their limiting distributions are normal under regularity conditions (see, e.g., Randles and Wolfe 1979; Hoeffding 1948) . Also, the jackknife method for variance estimation works well for U-statistics (see Shao and Tu 1995; Arvesen 1969; Schechtman and Wang 2004) . Since the estimation procedures were already detailed elsewhere, we chose to provide the estimators here and refer the reader to the relevant literature for details.
(a) Estimation of G i Let Y 1 , . . . , Y ni be a random sample from subpopulation i, with a distribution function F i (y). Then a U-statistic for estimating G i , which is an unbiased estimator, is given bŷ
where n i is the sample size coming from subpopulation i.
(b) Estimation of O i
Recall that the numerator of O i is a covariance, which can be expressed as a function of three means, as shown below. The denominator is simply the Gini of subpopulation i. Therefore, we represent
Each mean is estimated by a U-statistic, and hence, the estimator of O i is a function of four (dependent) U-statistics. Let
where n u is the size of the entire population; then, combining the pieces together, the estimator of O i is (see Schechtman 2005 )
(c) Estimation of G b The parameter G b is defined in equation (7), where F u is the vector of average ranks of the members of the n subpopulations, ranked within the entire population. The denominator of G b can easily be estimated by the sample mean. The numerator can be written as a function of three expectations:
The estimators of E(Y F u ) and E(F u ) involve the sample version of F u . Let F u t be the tth component of F u , thenF u t = (#y≤y i ) n u n t , where the summation is over y i ∈ subpopulation t, t = 1, . . . , n, and
The parameter G bp is actually a Gini of the vector of means. Therefore, its estimator is basically the same asĜ i , after replacing Y i by Y i .
As mentioned above, the estimators are U-statistics or functions of several U-statistics. Therefore, inference can be made, using the fact that their limiting distributions are approximately normal under regularity conditions. The only missing link here is a way to estimate the variances, which are difficult to obtain analytically. We therefore estimated the variances using the jackknife method. The method, which can be best described as "delete one at a time," can be generally explained as follows: Given a sample X 1 , . . . , X n of size n and a sample statistic g(X), whose variance needs to be estimated, follow the two steps:
puted for the original sample after deleting X i (i.e., based on (n -1) observations).
Use the n values g i (X) to estimate the variance of g(X) by
is the average of g 1 (X), . . . , g n (X). For details, see, for example, Shao and Tu (1995) .
The case of jackknifing a two-sample statistic is a bit more complicated, and we will not go into details here. The interested reader can find the details in Arvesen (1969) and Schechtman and Wang (2004) .
RESULTS OF ANOGI COMPARING DIFFERENT SUBSAMPLES
This section provides empirical results of the decomposition of the Gini by different SOEP subsamples ("old" Subsamples A through E vs. "new" Subsample F) for two different income variables. Related to the theoretical considerations in Sections 3 and 4, we would expect the following results from the empirical application if both subsamples represent the same population or universe ("=" means no significant difference):
Any significant deviation from these results would have to be interpreted as an indication that the two subsamples do not represent the same population.
To analyze whether our results on the income distribution are driven by selective attrition or by changing the answering behavior of respondents (see Section 2.2), we complement this analysis by using another objective variable (namely, years of education 15 ) and by a subjective variable (namely, life satisfaction). Education is a noncomplex concept that is not very difficult for respondents to report. However, there is some evidence that answers to questions on satisfaction vary in quality during the time span of a panel, as over the course of the first (three) waves respondents learn to deal with this complex subjective concept better (see Landua 1991) .
We analyze two income concepts: (1) annual postgovernment household income (i.e., posttax posttransfer 16 ), which is a generated variable based on an explicit aggregation of various income components (labor income, capital income, private and public transfers such as pensions, child allowances, social assistance, etc.) across household members, and (2) the monthly disposable household income ("screener") asked in the household questionnaire.
17 Missing data due to item nonresponse in the components of annual income are imputed by means of longitudinal and various cross-sectional techniques. Recent studies provide evidence that using only cross-sectional data for imputation of missing data in panel surveys is inferior to using longitudinal data (see Spiess and Goebel 2004; Frick and Grabka 2005) . 18 In stark contrast to the annual income figures, the monthly screener variable is not imputed in case of missing data; the share of item nonresponse here ranges between 5 and 10 percent. The question of the "income screener" itself appears to be a rather simple one. 19 However, it is not easy to give a proper answer because the respondent, in most cases the household head, must calculate the net income from different income sources and, in case of larger households, across several household members.
The variable "years of education" is analyzed only for the prime age population (ages 25-55). As is the case for income, this variable is also an objective variable, describing an important social and demographic dimension. However, responding to questions about educational attainment appears to be not as complex and sensitive as is the case for income.
Finally, we also make use of the subjective measure "satisfaction with life in general," which becomes an increasingly important indicator in socioeconomic analyses (as a proxy for utility) as well as in psychological research. An important advantage of this concept is that in the answers of the respondents, there are almost no item nonresponses. However, there are "panel effects," in the sense that respondents learn to handle the question more sensitively over the course of time.
In Tables 4 through 6 , we present the results of income distribution analyses and the Gini decomposition (ANOGI) for annual income in the two SOEP Subsamples A through E and the new Subsample F. In general, a statistically significant difference between the Gini coefficients is found in 2000. However, the difference disappears thereafter (values in parentheses give standard errors according to jackknife estimators). This difference is in need of an explanation, given that the two subsamples are intended to represent the (same) population of individuals living in households in Germany. 20 The long-running Subsamples A through E are in fact a conglomerate of five different population subgroups (see Section 2), which partly have been added to cope with changes in the German population caused by reunification in 1990 and by ongoing immigration, while Subsample F represents just one big enlargement subsample drawn in 2000. 21 Average income in Subsample F is lower in 2000, adapts to the level of Subsamples A through E in 2001, and is almost identical in 2002. The mean rank for Subsamples A through E in the overall distribution (normalized between 0 and 1) decreases from each period to the next (0.514 to 0.5). Accordingly, the mean rank for Subsample F increases from 0.483 to 0.5. The group-specific Gini coefficients are only significantly different for the first wave of Subsample F. Inequality between groups is extremely low in all three years: In 2000, it starts at 0.22 percent of overall inequality and disappears completely in 2002.
The overlapping information shows that the identification of these two subsamples as distinct "groups" in terms of their position in the 446 SOCIOLOGICAL METHODS & RESEARCH income distribution is only given in 2000. If the overlap component is larger than 1, the distribution has the highest relative densities at the tails of the other group-specific distribution, which is the case for Subsample F in 2000.
The other components of equation (9), like the two definitions of between-groups Gini, show the same pattern of convergence, which enables us to safely conclude that the difference in the samples disappear in the third year.
Possible reasons for the significant differences in the first year could be panel attrition, the imputation models used to adjust for item nonresponse, or respondent behavior effects.
• If attrition causes the distinctiveness of the two subsamples, then those who dropped out from the survey were systematically different from those persons who were willing to further participate, something already notable in the second wave.
• The explanation via the imputation of missing values could be a relevant issue if the assumption of missing at random (MAR 22 ) does not hold or the imputation model (or parts of it) was not correctly specified.
• Last, but not least, response behavior may cause the significant differences in the results for 2000, if there were changes in the behavior due to learning effects in using and answering a complex questionnaire and/or by an improved personal relationship between respondent and interviewer 23 that enhanced confidence.
To differentiate between the different causes, we introduce two amendments into the analysis: (1) an income concept that is not influenced by any imputation strategy in case of missing information (i.e., the monthly income "screener") and (2) a balanced panel design that considers only those observations that were part of the survey for three consecutive years (i.e., 2000 to 2002). If panel attrition caused the differences in 2000, then these differences should disappear when using a three-year balanced panel, in contrast to the cross-sectional population, especially in Wave 1. If the imputation procedure was causing the differences for 2000, then vanishing significant results if using a nonimputed income concept could be an indication in this direction. Table 7 shows the comparison of the results for the annual income and the monthly screener income. By definition, the share of missing values for the annual income is zero, whereas the share of imputed (9) (9) (9) , which complicated answering due to lack of familiarization to the "new" currency. Unsurprisingly, the Gini coefficients for the two income concepts are different in terms of magnitude, 24 but they are identical in terms of trends and changing patterns. The increase in the Gini for 2002 appears to be very distinct. However, this fits the development of increasing income inequality in Germany since the second half of the 1990s.
Performing the same analysis for the balanced panel should control for panel attrition and provide an estimate for the degree of selectivity (see Table 8 ). The effect observed in the cross-sectional analysis is also present in the longitudinal population. We see differences for the first year, with overlapping indices clearly different from 1 and a rather quick convergence in the results over time. This holds not only for Gini, mean, and overlapping index but also, slightly less distinct, for the share of item nonresponse and the mass of imputed income.
In conclusion, the comparison of Tables 7 and 8 indicates strong evidence that neither panel attrition nor imputation of item nonresponse cause the differences between the results for the first wave of Subsample F and the longer running Subsamples A through E. If learning and confidence building are important within empirical surveys, this phenomenon should be found in other variables as well. However, if learning effects are not relevant, results should remain stable over time.
• According to the literature, it is well known that the "response styles" for satisfaction questions change over time (see, e.g., Schräpler 2004) . Based on SOEP data, Landua (1991) has shown that respondents of questions about satisfaction change their answering behavior over the first four years. Within the first years, the respondents tend to overstate their satisfaction more often than in later waves by ticking the highest two categories on an 11-point scale running from 0 (completely dissatisfied) to 10 (completely satisfied). On the basis of this finding, we may expect, with respect to life satisfaction, differences for all three years, but with a declining trend.
• On the other hand, the results for educational attainment, being objective and not intimate information to respond to, should not be different between the two subsamples, not even in the very first wave of subsample.
To differentiate attrition from learning effects, all analyses are carried out for the cross-sectional population, as well as for the balanced panel design. In fact, the analysis of educational attainment shows no significant differences for means and Gini coefficients between the two subsamples for all three years in cross-sectional and longitudinal design (see left and right panels of Table 9 ). Especially in the starting year, as hypothesized, the overlapping indices are also similar. As can be expected (at least for the balanced panel population), we find that means increase in both subsamples, and inequality does follow the same trend in both samples as well (though it is not a priori clear whether to expect an increase or a decrease in inequality of educational attainment). As expected, the results for life satisfaction draw a very different picture (see Table 10 ). The Gini indices 25 differ more between the two subsamples, and the overlapping indices remain significantly different from 1 for both groups throughout the entire period-however, there is an indication of convergence. These processes are similar for both cross-sectional and longitudinal populations.
With respect to the mean as well as to the marginal distribution of the variable "life satisfaction" (see Appendix C), our results clearly confirm the finding by Landua (1991) , which states that firsttime users of such a scale tend to tick the highest categories more often. In 2000, more than twice as many respondents in Subsample F than in Subsamples A through E indicated that they are "completely satisfied": 9.7 percent and 4.2 percent, respectively. Until 2002, this gap decreases most remarkably to only 2.5 percentage points. Again, this picture does not change when moving from a purely crosssectional to a longitudinal design, which we interpret as an indication for learning effects among the short panel members. Tables 7 to 10 also give information about between-groups inequality (G b ) and its contribution to total inequality. In line with the groupspecific results, between-groups inequality for annual and monthly income measures (in cross-sectional as well as in longitudinal perspective) converges over the three-year period. In the case of education, we hardly find any between-groups inequality even in the first year, whereas in the case of satisfaction-even after three years-G b is significantly different from zero. In other words, for all considered indicators, the contribution of between-groups inequality to total inequality is irrelevant after three years, except for satisfaction, where it still amounts to almost 1 percent in 2002.
CONCLUDING SUMMARY
The main aim of this article is to study the "representativeness" of different subsamples of the German SOEP in the field of income distribution. This issue was chosen for analysis because an unbiased measurement of household incomes is (a) a real challenge for survey research (see Canberra Group 2001) , and (b) the analysis of income distribution and mobility is one of the main tasks of household panel surveys such as the SOEP.
However, it appears that the inclusion of a new (independently drawn) representative subsample into an existing, longer running panel survey may yield slightly deviating results, which may be caused by panel attrition or by differences in the answering behavior of respondents.
The methodology used in this article is based on ANOGI, which differs from the analysis of variance because it includes an additional term that reflects the overlapping between the distributions of the different subsamples. This is the first time that this methodology has been empirically applied, and we believe that this article demonstrates its usefulness.
Concluding from our empirical results and a discussion of survey methodology issues employed in the setup of the considered subsamples, we cannot reject the hypothesis that both represent the same universe. Recapitulating from our analyses on objective and subjective indicators for income, education and satisfaction within a cross-sectional and a longitudinal framework, we conclude that there is convincing evidence within the SOEP for changing respondent behavior due to learning effects with respect to the applied instruments and questioning. However, we find the convergence process, in which empirical results based on a new subsample approach those of a longer running subsample, to be of different lengths for the various indicators under investigation. This may be driven by the different degree of complexity of the underlying constructs, especially in the case of subjective indicators such as "satisfaction."
With respect to the originally motivating question on income inequality, we would especially reject the hypothesis that due to panel attrition, a new subsample after two waves is as selective as a longer running panel. Instead of arguing that results from a cross-sectional survey (as is the first wave of any panel study) yield more reliable estimates than those stemming from a panel that may be affected by attrition, we would like to reverse this argument and state that a reliable measurement of complex issues, such as the construction of an annual income measure or a satisfaction measure, clearly profits from repeated surveying, as is the case in panel studies.
APPENDIX A
The German SOEP-Details
The main random Subsample A of SOEP included around 4,500 households. To allow separate analyses of the five groups of labor migrants most strongly represented in the Federal Republic of Germany in 1984, they were oversampled in the study with a total of 1,400 households in a disproportional random sample approach. This random Subsample B was itself subdivided into five subgroups.
To observe the massive social and economic changes in East Germany, along with their respective impacts, the first wave of the East German subsample was collected in June 1990, before the currency, economic, and social union in Germany occurred on July 1. This sample, Subsample C, consists of about 2,200 households.
Since the start of SOEP in 1984, Western Europe (and especially Germany) has experienced immigration on a large scale, which cannot be covered by any ongoing longitudinal survey. To correct for this bias, an explicit supplement for immigrants was necessary. For this reason, Subsample D was collected in 1994-1995 for about 500 households with immigrants who had arrived since 1984.
In 1998, a "supplementary random sample" had been started as a test. This subsample fulfilled a number of aims: (1) stabilization of the number of observations in the SOEP for cross-sectional and longitudinal data, (2) allowing for analysis of "panel effects," and (3) allowing for analysis of representativeness.
It was proven that a supplementary sample such as this could be integrated in a user-friendly manner into the ongoing "old subsamples" (see Spiess and Rendtel 2000 for solving the problem of setting up an integrated weighting scheme). Thus, the methodological basis was established for significantly increasing the sample size, which would boost the value of the study for policy analysis by allowing the changes for relatively small groups of the population to be analyzed on the basis of sufficiently large numbers of cases. An enlargement such as this took place in the year 2000. The first wave of Subsample F consists of 10,890 adult respondents and 2,993 children who live in 6,052 households.
APPENDIX B
SOEP Sampling Procedures-Details
In Germany, as in many other countries, sampling of foreigners is a practical problem. Although a major improvement of randomroute samples, which are conducted in Germany, was implemented with Subsample F, a difference from Subsamples A and B remains. In Subsample B, foreigners were sampled on the basis of local address registers. This expensive method was not possible for Subsample F, where the local polling registers (Wählerverzeichnisse) are the basis for drawing sample points, sample points with different shares of non-German citizens are not drawn by probabilities that mirror their correct weight for the population living within To reduce the impact of this shortcoming, the fieldwork organization Infratest introduced an overrepresentation of foreigners in the random walk of SOEP Subsample F. The number of addresses to be collected during a random walk was doubled, but within the so-called "excess addresses," only households with foreigners were selected for interviews. Through this procedure, the share of foreigners in the sample mirrors the true share in the underlying population quite well. However, the structure of the foreigners is eventually biased because sample points with a high share of foreigners still have a downward biased probability of being included in the sample. In principle, this bias can be corrected for by weighting procedures (to be applied).
It is a common problem for population surveys around the world to adequately cover households living in institutions. Unfortunately, it was not possible to include institutionalized households in the first waves of the SOEP in a representative manner. However, by following respondents after a residential move, a panel takes into consideration those who left private households for institutionalized households, whereby over the course of time, the institutionalized population is included in the SOEP. However, on the other hand, any new subsample starts with this problem, which may produce an artificial difference between old and new subsamples. Nevertheless, the population in the starting wave of Subsample F (year 2000) in fact includes 47 institutionalized households (approximately 0.8 percent of all household interviews in this sample) as compared to 85 institutionalized households in Subsamples A through E (approximately 1.2 percent).
One may conclude from the discussion of these various sampling procedures applied to SOEP that the respective universe or population to be represented by the different subsamples (A through E vs. F) differs only marginally. 20. Institutionalized households are included in all empirical analyses presented here. Sensitivity analyses focusing on the impact of this subpopulation on income distribution measures show the expected result: Income of such nonprivate households is below average, and inequality decreases when excluding these households from the analysis. Nevertheless, the substantive finding in Table 4 concerning the significant deviation of the Gini coefficients for the two SOEP subsamples persists: 0.264 for Subsamples A through E versus 0.279 for Subsample F instead of 0.265 versus 0.281, respectively. Further details about coverage of institutionalized households in the SOEP are given in Appendix B.
APPENDIX C
Distribution of Life Satisfaction-Details
21. It should be noted that households consisting solely of adult respondents who recently immigrated to Germany (i.e., after 1998) had a positive sampling probability in the new Subsample F. However, this was not the case in the ones that already existed (A-E), where the most recent subsample was drawn in 1998. However, in our data, this phenomenon appears to be of minor relevance, given that there are only six such households in Subsample F.
22. For a detailed description of missing data within surveys, see, for example, Little and Rubin (2002) or Schafer (1997) .
23. In principle, each year the same interviewer consults the very same interviewees in the SOEP.
24. Note that the annual income concept used here clearly differs from the one of monthly income, which is observed from regular (normally monthly) income flows. Following the recommendations of the Canberra Group (2001) , our measure of annual income explicitly considers capital income, irregular cash income components such as Christmas bonuses or gratifications, and a major noncash income component (namely, imputed rent from owner-occupied housing). Due to the rather unequal distribution of these income components, inequality for annual income is higher than for monthly income.
25. To restrict the upper bound of the Gini to be 1, we transformed the original 11-point scale in the following way: Values 1 through 10 have been multiplied by 10, and the value 0 was coded into 0.1.
